Abstract-Transcriptional regulation plays an important role in every cellular decision. Gaining an understanding of the dynamics that govern how a cell will respond to diverse environmental cues is difficult using intuition alone. We try to discover how genes interact when submitted to stress by exploring techniques of gene expression data analysis. We use several types of data, including high-throughput data. These results will help us recreate plausible regulatory networks by using a probabilistic logical model. Hence, network hypotheses can be generated from existing gene expression data for use by experimental biologists.
I. INTRODUCTION
With the advent of high-throughput technologies and advanced measurement techniques, molecular biologists and biochemists are rapidly identifying components of gene networks and determining their biochemical activities. Understanding how these complex multicomponent networks govern how a cell will respond to diverse environmental cues is difficult using intuition alone. Towards this goal in this work: we want to validate prior work on genes involved in stress pathways [1] , and we want to extend these results with information on non-coding genes.
In this work we used two types of data and applied two different methods to them: clustering based approaches/heatmaps and also genes differential expression (genes responding to external factors). The first method groups genes that have similar behavior/reaction and the second method allows us to see which genes respond to environmental changes. We are looking for pairs of coding/noncoding genes that are connected to stress functions/response. Discovering these pairs may lead to understanding how noncoding genes interact with the stress pathways.
II. EXPERIMENTAL METHODOLOGY
We used 2 types of data, microarray data [2] and RNAseq data. Both datasets had gene expression data in which the genes were subjected to several types of stress. In the microarray data, the genes were exposed to NaCl (salt) stress, EtOH (ethanol) stress and H2O2 (hydrogen peroxide) stress, as for the RNA-seq the genes were submitted to heat stress and EtOH stress.
First, we performed differential expression analysis to our data by using edgeR [3] with the RNA-seq data and Limma [4] with the microarray data.
Second, using our differential expression analysis we obtained 2708 genes with a p-value < 0.05 for the RNA-seq data, as for the microarray data we obtained 204 genes for the salt stress, 4697 genes for the ethanol stress and 4404 genes for the hydrogen peroxide stress, also with a p-value < 0.05.
Third, we intersected (Fig.2) the microarray differentially expressed genes in order to verify how many common genes we would find in all 3 stress situations.
Fourth, we generate all the possible pairs of coding and non-coding genes for the 2 data types, giving us a total of 1804660 pairs for the RNA-seq data and 2268 pair for the microarray data. As the number of pairs for the RNA-seq data is very high we applied filters (the results can be seen in Table I ) to reduce the number of pairs. A threshold of a minimum correlation of 0.7 (absolute value) was defined. Both types of correlation are interesting, but if a gene has a very high negative correlation with another gene, we may assume that it may be repressing it or even overlapping it anti-sense.
By adding the non-coding information to the data obtained from [1] provided us with a better insight how genes are expressed differentially and will help us in our work by relating them to the coding genes and providing pairs of coding/non-coding genes. We are looking for non-coding genes that are highly negatively correlated with a coding gene, this will lead to information on non-coding genes that have a very high probability of being involved in stress pathways. In Table II we have the number of differentially expressed coding and non-coding genes for each of the conditions yeast was submitted to, the middle column ESR is the number of genes that are known to react to external stress responses, these are only for the coding genes.
III. DISCUSSION AND FUTURE WORK
Using this type of analysis we were able to get interesting results regarding coding and non-coding genes that are involved in stress response. The low number of genes for the salt stress may be due to the fact that the experiments were done using a different methodology. We can verify that we have a different number of pairs on both types of data, this is due to the initial intersection on the microarray data. Even so, we submitted our resulting pairs after the threshold filters to a verification in order to check if the coding gene of each pair is a known ESR (external stress response) gene and were able to obtain 236137 pairs for the RNA-seq data and 1197 pairs for the microarray data. As a final step we checked the pairs for overlaps between the coding and non-coding gene and verified that in RNA-seq 184 pairs overlap and in microarray only 3 pairs overlap, this last value is certainly due to the intersection of the common genes, which led to a large cut in the possible pairs. From this resulting number of pairs we chose 22 RNA-seq pairs that seem good candidates, as they are highly negatively correlated (< −0.7) and overlap antisense, from microarray data we chose 2 pairs that seem good candidates, they are highly negatively correlated (< −0.7) in all 3 experiments and overlap antisense. With the latest experiments, we found 29 genes (25 coding and 4 non coding) that are common to all conditions for both the RNA-seq data and the microarray data. Comparing this data with the processed data from [1] we found 4491 
